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Abstract
The searching of human housekeeping (HK) genes has been a long quest since the emer-
gence of transcriptomics, and is instrumental for us to understand the structure of genome
and the fundamentals of biological processes. The resolved genes are frequently used in
evolution studies and as normalization standards in quantitative gene-expression analysis.
Within the past 20 years, more than a dozen HK-gene studies have been conducted, yet
none of them sampled human tissues completely. We believe an integration of these results
will help remove false positive genes owing to the inadequate sampling. Surprisingly, we
only find one common gene across 15 examined HK-gene datasets comprising 187 differ-
ent tissue and cell types. Our subsequent analyses suggest that it might not be appropriate
to rigidly define HK genes as expressed in all tissue types that have diverse developmental,
physiological, and pathological states. It might be beneficial to use more robustly identified
HK functions for filtering criteria, in which the representing genes can be a subset of ge-
nome. These genes are not necessarily the same, and perhaps need not to be the same,
everywhere in our body.
Introduction
The study of gene function and organization has been a fundamental goal in molecular and cel-
lular biology. The outcome not only benefits our understanding on health and disease, but also
provides critical information for bioengineering of novel systems that can better serve our needs.
The emergence of high-throughput transcriptomic techniques enables direct analysis and com-
parison of gene expression across different biological samples. Among these comparative studies,
the interest of seeking housekeeping (HK) genes in tissues of multicellular organisms has been
widely focused for the maintenance of basal and essential cellular functions [1, 2].
The definition of HK genes implies that except for species, little biological impact should be
exerted to the discovery of these genes, because these genes are expressed irrelevant to the tis-
sue type, developmental status, cell-cycle state, or external environment [3]. Such robust ex-
pression will likely warrant an easy detection of HK genes regardless of the detection methods,
such as microarray and sequencing techniques [4]. Currently, more than a dozen studies have
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been conducted on human HK genes, but the sampling depth varies [2, 3, 5–17]. Because all of
the studies include certain false positive HK genes due to limited sampling, we hypothesize that
an integration of the results will increase the sampling coverage of human body and effectively
remove the false positives.
Based on estimation, human has around 200 tissue and cell types[6], yet in all the HK-gene
studies carried out so far, none of them covered more than half of these types to our knowledge.
The reverse correlation of HK-gene number and the tissue coverage (i.e. Expression Breadth,
EB) has been demonstrated in numerous studies [18–20]. As a result, incomplete tissue cover-
age will introduce non-authentic HK genes, which can be eliminated by combining results de-
rived from different studies. To test this hypothesis, we merge here 15 human HK-gene lists
obtained from the public domain[2, 3, 5–15] to increase the tissue coverage (> 90% with more
than 180 tissue and cell types included). The results are surprising and interesting: for a total of
more than 12,500 HK genes obtained, only one gene is shared by all the studies, and 17 genes
are in 14 out of 15 datasets. We ask whether the observed small number suggests that there
could be no HK genes; or suggests that other factors, such as the detection methods and the fil-
tering criteria of HK genes could prevent us from recognizing them.
To seek answers, we describe here in detail the steps we took to study these datasets, includ-
ing the comparison of the used samples, the analysis technique, and the stringency of the ap-
plied filtering criteria. In addition, we examined the biological functions enriched in these lists.
Based on the obtained information, we will discuss in the end the possible explanations to our
observation and hope the findings could assist future studies.
Data collection and analysis
Data collection and processing
We obtained 15 different human HK gene lists from the public domain (Table 1). The source
from which the data was downloaded is summarized in S1 Table. To compare different lists,
Table 1. Summary of HK gene studies*.
List Original gene No. Gene ID No. Technique Deviation ranking HK deﬁnition EB/REB Year Ref.
Warrington 533 754 MA 8 Ⅰ 11/100% 2000 14
Hsiao 451 668 MA 7 Ⅰ 19/100% 2001 15
Eisenberg_03 575 714 MA 5 Ⅰ 47/100% 2003 2
Tu 1789 1844 MA 9 Ⅰ 73/92% 2006 5
Zhu_MA 2448 2862 MA 11 Ⅰ 18/89% 2008 6
Zhu_EST 6990 7593 EST 13 Ⅰ 18/89% 2008 6
Podder 1350 1429 EST 2 Ⅱ 35/- 2009 7
Dezso 2375 2830 MA 10 Ⅰ 31/100% 2008 8
She 1522 1867 MA 6 Ⅱ 42/98% 2009 9
Chang 2064 2487 MA 12 Ⅱ 43/100% 2011 10
Shyamsundar 5592 4211 MA 1 Ⅰ 35/75% 2005 11
Ramskold 8079 8121 RNA-seq 14 Ⅰ 18/100% 2009 12
Reverter 4006 3208 MPSS 3 Ⅰ 32/78% 2008 13
Eisenberg_13 3804 3945 RNA-seq 4 Ⅱ 16/100% 2013 3
Fagerberg 9250 8945 RNA-seq 15 Ⅰ 27/100% 2014 17
* Redundant IDs in both original and converted lists are removed, so the listed values can be different from the original publications. MA stands for
microarray. EB and REB stand for Expression Breadth and relative expression breadth, respectively.
doi:10.1371/journal.pone.0123691.t001
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we first unified their identifiers to Entrez Gene ID using the DAVID Bioinformatics Resources
6.7[21]. For lists already using Entrez Gene ID, we also updated their indices using DAVID to
eliminate any potential inconsistency caused by the evolving database. If multiple IDs were
mapped, all of them were considered to maximize the chance of finding overlapping genes.
Any redundancy generated from the conversion was removed.
All lists except for the one from Shyamsundar et al. were directly converted by DAVID.
Shyamsundar et al. used Clone ID as identifier, which was translated based on Clone/Gene ID
Converter Version 2.0 (http://idconverter.bioinfo.cnio.es/) prior to DAVID processing.
Qualitative analysis
We first generated a union list from all datasets. We then analyzed the HK level by detection
breadth (DB), i.e. the number of lists, in which a gene was included. We further performed a hi-
erarchical analysis on all the lists using Multi Experiment Viewer (MeV) version 4.9 (http://
www.tm4.org/), in which we used “1” for presence and “0” for absence of a gene.
Subsequently, we performed a leave-out analysis to examine the impact of highly deviated
datasets to the results. In this study, a single dataset was first randomly removed, and the num-
ber of common genes from the rest was examined. The dataset contributed the most to the in-
crease of common genes upon removal was ranked the highest in deviation. Then, a
subsequent dataset was eliminated following the removal of the most deviated one, and the
common genes resolved from the rest lists were computed again to determine the second most
deviated dataset. This step was repeated until the deviation ranking of all the studies was
obtained.
We also carried out a pairwise comparison to all the datasets to seek similarity distribution
across studies, in which the ratio between common genes and genes in the smaller list of the
two was computed as similarity ratio.
Quantitative Analysis
To examine the contribution of expression level to the observed discrepancy, we analyzed the
abundance that can be obtained in 8 studies including “She”, “Chang”, “Eisenberg_03”,
“Shyamsundar”, “Zhu_MA”, “Zhu_EST”, “Fagerberg” and “Warrington”. To compare, we nor-
malized each dataset based on the highest gene expression in that list. The mean quantity of
common genes shared by different lists was calculated, and the distribution of the gene expres-
sion level was analyzed as a function of gene population, as well as a function of Detection
Breadth (DB, i.e. housekeeping level).
Miscellaneous comparison
To analyze the potential cause of the decreased overlap with the increased number of lists, we
further compared the sampling depth and HK-gene filtering criteria among all the studies. For
sampling, we examined qualitatively the tissue and cell types included. We also studied quanti-
tatively the sampling coverage by Expression Breadth (EB) [18–20]. To evaluate the filtering
stringency, we further defined the relative expression breadth (REB) for the cutoff percentage
used in each study, i.e. percentage of EB of a particular gene to the total EB of a study. For ex-
ample, if HK genes were detected in all the analyzed tissues, the REB will be “1”; if HK genes
were detected in 16 out of 18 studied tissues, the REB will be 89% as in the case of “Zhu_EST”
and “Zhu_MA”. EB and REB together were used to evaluate the tissue coverage and filtering
stringency in each study.
Housekeeping Genes
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Functional Enrichment Analysis
To examine the function maintained by the discovered HK genes, we used the DAVID func-
tional annotation tool. With default threshold (i.e. gene count = 10 and EASE = 0.05, a modi-
fied Fisher Exact P-Value), we examined the enriched Biological_Process (BP) in Gene
Ontology (GO) (i.e. GO_BP) of all lists. Due to the processing limit (3000 genes) in DAVID,
for large lists of “Zhu_EST”, “Ramskold”, “Eisenberg_13”, “Fagerberg” and “Reverter” that
were exceeding the limit, we randomly chose 3000 genes using Microsoft excel “randbetween”
function. To examine the impact of DB to GO enrichment, we separately performed enrich-
ment on high DB (>10) and low DB (= 1) genes, and compared the difference.
Results
Conversion of datasets
The original data was downloaded from public domain as detailed in S1 Table. During the con-
version to Entrez Gene ID, most lists were changed to certain degree; and Table 1 summarizes
the number of the original and converted genes. The change was caused by the mapping to
multiple IDs, and the removal of the unconverted and duplicated genes. Lists already using
Entrenz Gene ID experienced the smallest change. The observed changes are common to any
studies involving the conversion of gene indices [22].
Detection Breadth (DB) analysis
The number of the unified HK genes from all datasets is 12,517. The distribution of these genes
as a function of DB is shown in Fig 1 (red bar). In the figure, the number of genes decrease ex-
ponentially with the increase of DB value except for DB = 1 group. Only 1 gene is common to
all 15 datasets. The most populated category is DB = 2, and DB = 1 represents unique genes
identified only in one study. The genes with DB 3 occupy 50.0% of the union list, and only a
small number of genes (3.14%) have a DB value of more than 10.
To examine the distribution of unique genes (DB = 1) in all studies, we plotted the number
of DB = 1 genes in each study as a pie chart in Fig 2. The range of unique gene numbers is
Fig 1. Distribution of the detection breadth (DB) among unified housekeeping (HK) genes (red bar)
and the resolved common genes in leave-out analysis (grey bar).
doi:10.1371/journal.pone.0123691.g001
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wide, from a single gene in studies of “Warrington” and “Hsiao”, to 613 genes in “Fagerberg”).
This result raised our interest in analyzing the global relationship among different studies.
Hierarchical clustering analysis
To generate the global relationship map, we conducted a non-supervised hierarchical cluster-
ing. The distance dendrogram is shown in Fig 3. Except for lists of “Shyamsundar”, “Fagerberg”
and “Podder”, two main clusters with a few subclusters were observed and are listed in Table 2,
according to their relative distance.
Fig 2. Distribution of unique genes (DB = 1) in all studies.
doi:10.1371/journal.pone.0123691.g002
Fig 3. Hierarchical analysis of 15 HK-gene studies. The presence of a gene is assigned “1” and the
absence of a gene is assigned “0”.
doi:10.1371/journal.pone.0123691.g003
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Leave-out analysis
Because the results of both unique-gene analysis and hierarchical clustering suggested the exis-
tence of highly deviated lists in all the examined studies, we wanted to know whether leaving
these datasets out, would increase the consistency of the rest.
The deviation based ranking of every study obtained from leave-out analysis is listed in
Table 1. The improvement on the number of common genes after the sequential removal of
the most deviated studies are plotted together with the results of DB analysis as shown in Fig 1
(grey bar). In the figure, the study of leave-one-out has DB value of 14, and the study of leave-
two-out has DB value of 13, and so on. The number of common genes is not growing as quickly
as DB analysis at high and medium DB values (DB>7), but this trend is quickly reversed at ex-
tremely low DB values (DB< 3), when the majority of studies are left out. This observation
suggests that deviation or discrepancy among HK-gene lists is ubiquitous, and only a few lists
show high similarity to each other.
Pairwise analysis
To gain detailed information on how these results alike, we conducted a pairwise comparison
to all datasets, and Fig 4 summarizes the results, in which the color encodes the similarity ratio.
The distribution of this ratio is relatively small compared to the unique-gene distribution with
a mean value of 0.62 ± 0.23, but local domains can be observed. For example, three relatively
red bands corresponding to studies of “Ramskold”, “Fagerberg”, and “Zhu_EST” are observed.
In the red bands representing high similarity ratios, the color to “Shyamsundar” is green, fur-
ther suggesting its deviation from the rest.
Abundance analysis
Fig 5A shows the distribution of gene numbers as a function of their abundance in 10,524
quantified HK genes that we were able to obtain from public domain. In the figure, gene num-
ber spikes at low quantity (normalized quantity< 0.2), suggesting the existence of large num-
ber of lowly expressed genes. Most low-quantity genes (8,932 genes) are from the “Fagerberg”
list. A further analysis of the mean quantity as a function of DB is shown in Fig 5B. In the fig-
ure, a close to concave shape is observed with both low and high DB genes having relatively
high abundance, suggesting the existence of a large number of unique genes is not necessarily
caused by low expression and inadequate detection sensitivity. To address the other potential
causes of the populated low DB genes, we examined other factors as listed below.
Miscellaneous comparisons
We further examined the potential bias in techniques, filtering and sampling strategies. Table 1
summarizes the general information of technique and the number of tissues studied. S2 Table
Table 2. Clusters by hierarchical clustering analysis.
Cluster 1 Cluster 2
Reverter, Eisenberg_13, Ramskold, Zhu_EST Eisenberg_03, She, Hsiao, Warrington, Dezso,
Chang, Tu, Zhu_MA
Cluster 1.1 Cluster 2.1 Cluster 2.2
Eisenberg_13, Ramskold, Zhu_EST Hsiao, Warrington Chang, Tu, Zhu_MA
Cluster 1.1.1 Cluster 2.2.1
Ramskold, Zhu_EST Tu, Zhu_MA
doi:10.1371/journal.pone.0123691.t002
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enlists all the tissue types, and S1 Text provides the detailed information on the used technique,
software, and the filtering criteria of HK genes. The used techniques largely agreed with the
clusters identified in Table 2 and Fig 3. For instance, in Table 2 and cluster 1, all the studies
used sequencing based techniques, including EST, MPSS, and RNA-seq. In cluster 2, all the
studies used microarray. Within cluster 1, RNA-seq and EST based studies, i.e. “Eisenberg_13”,
“Zhu_EST” and “Ramskold”, are further grouped into subcluster 1.1, and among them “Zhu_-
EST” and “Ramskold” form the tightest subcluster 1.1.1. In Table 2 and cluster 2, two subclus-
ters are observed that each includes studies used the same microarray platform. Specifically in
cluster 2.1, both “Warrington” and “Hsiao” used the HuGeneFL GeneChip Array; similarly in
cluster 2.2, all studies of “Zhu_MA”, “Tu” and “Chang” used microarray results published by
Su et al. [23]. Among them, “Tu” and “Zhu_MA” are the closest and further grouped to cluster
2.2.1.
We also examined the tissue types used in these studies as summarized in S2 Table. In the
table, we counted the frequency of each tissue type used in all studies. In total, 187 distinct tis-
sue and cell types were studied. These types included both adult and fetal tissues at normal or
cancerous stages. Tissues and cells that were used in no more than 2 studies were defined as
rare tissues. We plotted the number of unique HK genes in each study as a function of its rare-
Fig 4. Pairwise comparison of all HK-gene lists. The color represents the similarity ratio, i.e. the ratio of the
number of common genes to number of genes in the smaller list. Blue color represents a ratio of 0, and red
represents 1.0.
doi:10.1371/journal.pone.0123691.g004
Housekeeping Genes
PLOS ONE | DOI:10.1371/journal.pone.0123691 May 13, 2015 7 / 22
tissue number shown in Fig 6. The results indicate that the more rare tissues are included in a
study, the less unique HK genes are determined. This observation supports our notion that the
incomplete sampling can increase the chance of identifying study-specific HK genes (likely
false positives). Therefore this result encourages the merging of different studies to eliminate
unauthentic ones.
To further examine the impact of studied tissues to HK genes, we defined Expression
Breadth (EB). Different from DB (Detection Breadth), EB is to describe the sampling depth of
Fig 5. (A) Distribution of HK-gene population as a function of normalized gene-expression quantity.
(B) Distribution of the detection breadth (DB) as a function the normalized gene-expression quantity. Error
bar represents the standard deviation.
doi:10.1371/journal.pone.0123691.g005
Housekeeping Genes
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HK-gene studies. Because the stringency of filtering criteria used in each study varied, we used
EB and REB to quantify this variation as shown in Table 1.
Functional enrichment Analysis
Further our analysis, we examined the enriched functions of these genes. The results of the
DAVID GO enrichment analysis are summarized in Fig 7A. In the figure, the percentage of
genes in a particular GO_BP to the total GO genes in each study is plotted. Different from the
results addressed above, BP enrichment displays a high consistency in all studies. In Fig 7A, al-
most all studies have the same enriched GO_BPs, and the proportion of these processes across
studies is also similar.
To further examine DB impact to this enrichment, we separately analyzed the enriched BPs
for high DB (10) and for unique genes (DB = 1), as shown in Fig 7B. The distribution of en-
riched functions in Fig 7B resembles that in Fig 7A, but the functions in high DB and DB = 1
groups are distinct. The unique-gene group enriches functions that are known to have large di-
versity, such as those related to immune response and cell surface adhesion; whereas the wide-
ly-detected genes carry more general and basal functions such as those related to metabolism,
biogenesis and cell death.
Discussion
Human HK-gene studies have been pursued by more than a dozen laboratories globally, and
we for the first time try to integrate these studies with an aim to minimize the under-sampling
bias. Our concern on under-sampling issue is raised from the HK gene definition.
The definition of HK gene is constantly evolving, and we have divided these definitions here
into two major types as listed in Table 1. The early ones (Type I) represented by Watson et al.
Fig 6. Distribution of number of unique genes (DB = 1) and the number of rare tissues, i.e. tissues
used by less than 2 studies. The square region is amplified for better viewing.
doi:10.1371/journal.pone.0123691.g006
Housekeeping Genes
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(1965) [24] andWarrington et al. (2000) [14] state that the HK genes need to be constitutively
expressed in every tissue to maintain cellular functions. This definition has been widely used
by several groups [8, 12, 15, 17, 25, 26]. Due to measurement errors and stochastic noise, it is
difficult to distinguish genes absent in the sample from those weekly expressed, that are also
called “expression leak”, a term used to describe the ubiquitous and trace expression of a large
part of genome in all tissues[27]. A “cutoff level” has been proposed for HK genes[12], which
Fig 7. Gene ontology enrichment analysis of biological process of all the studies. From outer to inner
circle, the displayed datasets are: “Fagerberg”, “Ramskold”, “Zhu_EST”, “Shyamsunder”, “Eisenberg_13”,
“Reverter”, “Zhu_MA”, “Dezso”, “Chang”, “She”, “Tu”, “Podder”, “Warrington”, “Eisenberg_03”, and “Hsiao”.
doi:10.1371/journal.pone.0123691.g007
Housekeeping Genes
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requires relative quantification of all gene abundance in one sample and across all tissues stud-
ied. However, some HK genes such as transcription factors can have low expression, and a uni-
versal cutoff will prevent the identification of these genes. The newer definition (Type II)
extends the Type I definition and emphasizes on a constant and stable expression instead of
using a universal “cutoff”, which was initially raised by Butte et al.[1] and followed by Eisen-
berg and Levanon[3]. Type II definition allows lowly expressed genes to be included, and has
gained popularity in recent studies[9, 10]. Furthermore, the sampling depth and the criteria
used to determine constitutive expression have not been consistent in all the studies. We have
used EB, REB, and number of rare tissues to quantify the stringency as summarized in Table 1.
Based on both the Type I and Type II definitions and the actual tissues used, we reasoned that
the more complete coverage of different tissues, the better elimination of potential false positive
HK genes. Our correlation analysis on the rare tissue number and unique genes in Fig 6 con-
firmed this hypothesis.
In the process of integration, we translated all the identifiers to Entrez Gene ID. This step
changed original datasets in some degree. Most datasets were expanded slightly as indicated in
Table 1, because we had considered all the possible matching IDs during translation. This ex-
pansion should increase the chance of finding common genes across studies; however, the re-
sults were opposite.
Overall in Fig 1, an exponential decrease of common genes was observed with the increased
number of the comparing datasets. Only one gene (peroxiredoxin 1, PRDX1) was found com-
mon in all, and 17 genes were shared by 14 of 15 studies (Fig 1, red bar). Even though we were
expecting a smaller number in the merged list than hundreds to thousands of HK genes includ-
ed in individual studies, yet we never expected it to be so small. The trend in Fig 1 suggests no
convergence, meaning if more studies are introduced, common genes will drop to zero. On the
contrary, genes shared by fewer studies grew exponentially suggesting difference is common in
all studies.
To identify the cause of difference, we first performed the discrepancy analysis by examin-
ing the number of unique HK genes (Fig 2) followed by a relationship analysis using hierarchi-
cal clustering (Fig 3) and a deviation analysis using leave-out approach (Fig 1 and Table 1). We
then performed pairwise similarity comparison (Fig 4). To examine the impact of detection
sensitivity to the observed results, we further explored expression quantity (Fig 5). In the end,
we concerned the enriched biological functions (Fig 7). Through the analyses conducted on
common and unique genes, we discuss below the extrapolated information.
Influence of HK Gene definition
The “Shyamsundar” list ranks the highest in leave-out deviation studies in Table 1, has the sec-
ond highest number of unique genes in Fig 2, is the most distant study in hierarchical cluster-
ing in Fig 3, and has the second lowest overall similarity ratio in Fig 4. The observed large
difference of this list is likely owing to the criteria Shyamsunder et al. used to derive the list. Be-
cause the study of Shyamsundar et al aimed to study common genes showing variable expres-
sion in different tissues but not necessarily HK genes, their filtering criterion agreed with Type
I but against Type II definition. Specifically, they used a cutoff of at least four-fold variation to
the mean expression and a REB of 75%, i.e. the lowest REB among all the studies included
(Table 1).
In another case, “Fagerberg” shows the largest list in all studies, is the 2nd most distant in hi-
erarchical clustering, and contributes the most to the low-quantity genes in Fig 5A. Similar to
“Shyamsundar”, the study of Fagerberg et al. was not focusing on HK genes but tissue specific
expression. Even though all the genes in the “Fagerberg” list had been detected in all the tissues
Housekeeping Genes
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used in their study, Fagerberg et al. did not apply the Type II definition to stringently filter
genes with potentially leakage expression for the consideration of HK genes.
In addition, Podder et al. also employed slightly different filtering criteria than others to de-
rive their HK genes even though they had followed Type II definition. In their study, instead of
applying separate filtering parameters for constitutive and stable expression, they used tissue
specificity index τ [28] to consider the two factors simultaneously. In addition, Podder et al.
used a relatively low cutoff, i.e. τ< 20%, to filtering HK genes. As a result, their study showed
obvious deviation from the rest in various analyses. For example, “Podder” has the lowest over-
all similarity ratio in pairwise comparison, is the 3rd distant study in hierarchical clustering
(Fig 3), and ranks the 3rd in leave-out deviation analysis (Table 1). The clear isolation of
“Shyamsundar”, “Fagerberg”, and “Podder” from the rest in Fig 3 suggests the impact of defini-
tion to the HK-gene result and also demonstrates the sensitivity and reliability of our analyses.
Complexity in the cause of the discrepancy
After identifying the definition influence, we had anticipated that the removal of these highly
deviated studies can drastically increase the common-gene number. However, the removal of
the top two most deviated lists (“Shyamsundar” and “Podder”) in leave-out analysis (Fig 1)
only slightly increased the common genes from 1 to 20. The gain of common genes in leave-
out analysis surpassed that in DB analysis, only when the majority of studies (12 out of 15 stud-
ies) were dropped. This result indicates that the cause to the observed discrepancy spreads
across all studies. In another words, the divergence among datasets is complex and is contribut-
ed by more factors than the definition itself.
This notion has been further confirmed in the pairwise similarity analysis (Fig 4). In Fig 4,
the range of similarity ratio obtained from any pair in general was modestly high with a mean
of 0.62, which agrees with literature reports of close to 60% similarity when comparing a few
studies[2, 6, 8, 10, 22]. This agreement further demonstrates the reliability of our analysis. In
Fig 4, all the top three largest lists (“Fagerberg”, “Ramskold”, and “Zhu_EST”) used sequencing
based detection, and have the high overall similarity ratios as indicated by the relatively red
bands, suggesting the influence of the list size and the technique to the comparison. Similarly,
the studies with relatively small number of total HK genes and used the same microarray chips
also form a red island in Fig 4, represented by “Warrington” and “Hsiao”, “Chang”, “Tu” and
“Zhu_MA”. For the variations shown within the red and blue regions in Fig 4, many other fac-
tors can also contribute such as the studied tissue types. To break down the observed complexi-
ty, we further examined factors such as gene abundance, detection techniques, analyzed tissue
types, and the enriched functions.
Influence of gene abundance
Gene expression level, i.e. gene abundance, can influence the likelihood that a gene is detected.
We observed more than three orders of magnitude of dynamic difference in mean gene abun-
dance from 8 lists having quantitative information. Fig 5A suggests a large number of HK
genes are low in abundance, yet most of these genes are from the “Fagerberg” list. Because of
the study purpose difference as discussed above, we conducted another similar analysis with
“Fagerberg” list removed, and the result is shown in S1 Fig panel A. A similar pattern but fewer
low-quantity genes (< 0.2) than those in Fig 5A was observed, suggesting low-expression HK
genes do exist but may not be as many as shown in Fig 5A.
In Fig 5B, the analysis of gene abundance to DB shows that both high and low DB genes are
abundant. In S1 Fig panel B after the removal of “Fagerberg”, a similar pattern with more obvi-
ous increase of gene expression at low DB is observed. The observation of relatively high
Housekeeping Genes
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expression for low DB genes indicates that the detection limit of the used technical platforms is
unlikely the reason for most studies to miss low DB genes. Nevertheless, both hierarchical clus-
tering and pairwise comparison showed that results from similar techniques were closer to one
another. Therefore, we decided to further investigate the impact of detection methods to the
obtained results.
Influence of experimental methods
We summarized the techniques used in each study in Table 1 and S1 Text. These techniques in-
clude Microarray (MA)[2, 8–11], RNA-sequencing (RNA-seq)[3, 12], Expressed Sequence Tag
(EST)[6] and Massive Parallel Signature Sequence (MPSS)[29]. Due to the difference in work-
ing principles, biases of these techniques have been discussed in various publications[30, 31].
For instance, MPSS and EST are both based on sequencing of the amplified tags located in the
specific transcriptional loci (usually 3' or 5' ends)[32, 33]. Transcripts are confirmed only when
they match the known loci, thereby excluding novel genes[34–37]. In addition, EST is sensitive
to cloning biases and has relatively low throughput [36, 38, 39]. Microarray technique, on the
contrary, is a hybridization-based platform. The method heavily relies on the prior knowledge
of genes to design probes, a step which is prone of biases especially for early microarrays[4, 37].
Tiling array is possible to discover novel transcripts[40, 41], yet the high cost of covering the
entire genome limits its use in HK-gene discovery. The hybridization efficiency, biases, and the
limited dynamic range have plagued microarray technology for highly sensitive and quantita-
tive analyses[31, 42].
Among all the existing trancriptomic techniques, RNA-seq has the highest throughput, dy-
namic range, and the most accuracy. These merits allow RNA-seq to minimize many of the
drawbacks addressed above [42–45]. RNA-seq is also a sequencing based technique that reads
cDNA fragments reversely translated from the sample transcriptome, therefore does not re-
quire the prior knowledge of a gene. The high sensitivity of this technique allows the identifica-
tion of expression leak[38, 42] that is common to all tissues and organs. The advent of this
technique has in part prompted the transformation of the HK gene definition from Type I to
Type II[1–3, 23, 46] as we discussed above. However, the short reads in RNA-seq affect accu-
rate gene alignment[47–49] especially for HK genes, among which short repeats are more fre-
quent than non-HK genes[50, 51]. This difficulty also impairs quantification accuracy[52–54],
even though the dynamic range of RNA-seq can reach five orders of magnitude[42].
We observed high degree of consistency between detection technique and clustering in Fig
3. The absence of “Dezso”, “She” and “Eisengerg_03” in the microarray subclusters of 2.1 and
2.2 can be explained by their use of different chips than the ones in the subclusters. “Dezso”
used ABI Human Genome Survey array[8], “She” used a customized chip[9], and “Eisen-
berg_03”[2] used the early microarray results of Su et al. [55]. Also considering the information
learned in Fig 5B that detection limit should not be the factor preventing the identification of
DB = 1 genes, the observed differences between microarray and other sequencing based tech-
nique as well as the differences within microarray platform is likely contributed by probe bias.
We also recognized that all techniques have experienced fast development in recent years. For
microarray alone, the number of probes on a chip has increased about one fold, from only ~
12000 gene probes to 22,000 gene probes[56–59]. As a result, the number of HK genes also in-
creased in latest studies (Table 1). For RNA-seq that had suffered from short reads and align-
ment challenges [12], its resent capability to read long 50–100 bases [3,17] have minimized the
error rate. Some of these errors and technical biases are likely contributed to the observed
variations.
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Comparing to HK-gene definition, technical bias seem to outperform definition difference
for certain results. For example, in Fig 3 hierarchical clustering, the largest distance is contrib-
uted by the definition difference, yet in both two main clusters, i.e. sequencing cluster 1 and mi-
croarray cluster 2, a mixture of Type I and II definitions exists.
Influence of biological variation
Besides the definition and methodology differences, we examined the under-sampling concern
raised at the beginning of the study. We wanted to know what types of samples each study
used, and how the sample difference affected the observed discrepancy. Even though the defini-
tion of HK genes implies the robust expression with little environmental and biological impact,
it is known that different tissue types exhibit drastic anatomical and physiological differences.
At the same time, tissues at different developmental and disease stages experience profound
changes in gene profiles and protein networks [16]. Therefore incomplete tissue sampling can
result in inflated HK genes. Because in many studies concerned here, such as “Warrington”,
“Eisenberg_03”, “Eisenberg_13”, “Tu”, and “She”, their tissue types include not only normal
adult tissues, but also fetal or cancer tissues (S2 Table), we asked whether the biological differ-
ence in analyzed samples can contribute to the observed discrepancy.
Table 1 summarizes the number of rare tissues used in each study. S2 Table tabulates the de-
tails. Together 187 distinct types have been studied accounting for more than 90% of estimated
tissue and cell types. We examined the correlation between the used rare tissues and the ob-
tained unique genes as shown in Fig 6. In the figure, the unique gene number is reversely pro-
portional to the rare tissue number, i.e. the more rare tissues used, the less unique genes
identified. In theory, the deeper the sampling depth will have the less false positive HK genes
owing to more complete sample coverage. The observed drop of unique genes in more compre-
hensive studies is, therefore expected and confirms the existence of inflation in all HK-gene
studies. The slight deviation of “Shyamsundar” from the rest further emphasizes the sensitivity
of this analysis.
Collectively, these results suggest that complex factors including the HK-gene definition, fil-
tering criteria, detection and sampling have contributed to the observed small overlap of all
studies. We then further examined the biological functions of HK genes.
Housekeeping Functions
As the definition of HK genes regardless Type I or II, emphasizes on basal functions supported
by these genes, we deliberately examined the enriched GO_BPs as shown in Fig 7. Irrespective
to the scarce common genes in all datasets, we observed very conservative functions across
studies. The enriched GO_BPs included cellular and metabolic processes, cellular component
organization and biogenesis among other key basal functions such as cell death that are consis-
tent with previous reports [12, 60–63].
We are surprised to observe these consistent functions from such diverse lists. To further
verify our observations, we analyzed a well-known and key biological process, i.e. glycolysis, in
all the derived HK-gene lists. Glycolytic enzymes have been known to carry less variations than
other random genes[64]. It is interesting to use this conserved pathway to probe the observed
diversity in all datasets. We performed a pairwise comparison to obtain the identification rate
of this pathway in all HK lists as shown in Fig 4. The overall mean identification rate is 32
±18%. Among all the lists, “Zhu_EST” has the highest identification rate of 66%, whereas “Pod-
der” has the lowest value of 5%. The most common gene is “glucose phosphate isomerase”
shared by 9 out of 15 lists. Even for such a conversed function, the variation can be clearly
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observed among different lists, which validated our conclusion, i.e. the HK genes obtained so
far do not converge.
Given the fact that HK functions are much more consistent than the actual HK genes in all
studies, and that the inflation of HK genes seems ubiquitous in all datasets, we start to question
whether it is possible that the bona fide HK genes do not exist, or exist in a much smaller num-
ber than what have been reported (i.e. hundreds and thousands). We believe that the majority
of the HK genes discovered so far can be conditional, i.e. expressed only in a subset of tissues at
specific biological stage under certain environment, instead of constitutive and ubiquitous.
Several pieces of evidence support our belief. First, even though HK genes are difficult to
verify, especially human HK genes, experimentally and computationally the minimum number
of essential genes has been widely studied[65–69]. The essentiality of a gene can be obtained
through knockout experiments on animal embryos or embryonic stem cells[70–72]. Because of
the similarity in definition of the essential genes and HK genes, the knowledge on essential
genes will shine light on HK genes. [5, 73]. Experiments conducted on essential genes indicated
that most essential genes in early development showed later tissue specificity instead of house-
keeping. The tissues absent of the essential genes usually express alternatives carrying similar
basal functions. These observations support our notion that it may be more appropriate to as-
cribe HK functions instead of HK genes for maintenance purpose in all tissues at all stages.
Secondly, our belief is supported by the view taken from the evolution perspective. In the
process of organ and tissue specification, gene identity and function have been largely diversi-
fied, a result that is manifested by the numerous yet discrete morphologies and behaviors of
different cell types that observed in anatomy and physiology. These distinct cell types, are con-
nected by complex and cohesive interactions that give rise to new functions, to allow individual
multicellular organism gain robustness and flexibility (adaptation) that can be achieved by a
population of single-cellular organisms [74, 75]. One of the key factors in evolution is the di-
versification of genes and gene products. The large human transcriptome and proteome de-
rived from a relatively small population of about 20,000 genes enable the execution of same
function through different gene products, an event that is frequently seen at all levels of
biological hierarchy.
The utilization of different gene products for the same function is not only molecularly suf-
ficient, but also necessary. It is advantageous in survival and adaptation for organisms to use
slightly different sets of genes or gene products in different tissues. This diversity can effectively
avoid catastrophic and fatal events targeting to common genes shared by all the cells at all de-
velopmental stages. As a result, we believe that the absence of HK genes is evolutionarily fa-
vored for multicellular organisms to survive and thrive.
Our observation also raises the importance to study gene products at both transcript and
protein level. In the past, for simplicity, studies tend to converge different transcripts and pro-
teins to genes [76]. Yet it has been clear that transcription is a complex process, in which exten-
sive overlap exists in transcriptional units, and alternative splicing has largely increased the
transcript repertoire. At protein level, rich translational and post-translational modifications
have further extended the diversity of gene products, and many these modifications are key to
functions. Same gene yet different splicing forms or different post-translational modifications
can carry different even opposite functions[77]. Therefore, it is important to address the exact
sequence and structure information of gene products instead of simply using genes for easy
of study.
Thirdly, the likelihood of no HK genes has been further indicated in our understanding of
control genes, which is another branch of HK-gene studies. Due to the need in quantitative
gene analysis, stably expressed control genes are necessary to normalize different biological
samples used for comparison. HK genes have been widely deployed for these purposes.
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Table 3. Control gene candidates with DB 13*.
Gene ID Symbol Locus Accession Orientation Exon count OMIM
5052 PRDX1 1p34.1 NC_000001.11 minus 7 176763
7316 UBC 12q24.3 NC_000012.12 minus 2 191340
7314 UBB 17p12-p11.2 NC_000017.11 plus 5 191339
1936 EEF1D 8q24.3 NC_000008.11 minus 15 130592
292 SLC25A5 Xq24 NC_000023.11 plus 4 300150
6118 RPA2 1p35 NC_000001.11 minus 9 179836
6132 RPL8 8q24.3 NC_000008.11 minus 7 604177
6135 RPL11 1p36.1-p35 NC_000001.11 plus 6 604175
6141 RPL18 19q13 NC_000019.10 minus 7 604179
6169 RPL38 17q25.1 NC_000017.11 plus 5 604182
6185 RPN2 20q12-q13.1 NC_000020.11 plus 19 180490
6193 RPS5 19q13.4 NC_000019.10 plus 6 603630
6194 RPS6 9p21 NC_000009.12 minus 6 180460
6203 RPS9 19q13.4 NC_000019.10 plus 7 603631
6217 RPS16 19q13.1 NC_000019.10 minus 4 603675
6223 RPS19 19q13.2 NC_000019.10 plus 6 603474
6229 RPS24 10q22 NC_000010.11 plus 10 602412
6118 RPA2 1p35 NC_000001.11 minus 9 179836
334 APLP2 11q24 NC_000011.10 plus 19 104776
375 ARF1 1q42 NC_000001.11 plus 6 103180
498 ATP5A1 18q21 NC_000018.10 minus 13 164360
518 ATP5G3 2q31.1 NC_000002.12 minus 4 602736
567 B2M 15q21.1 NC_000015.10 plus 4 109700
801 CALM1 14q32.11 NC_000014.9 plus 7 114180
805 CALM2 2p21 NC_000002.12 minus 6 114182
808 CALM3 19q13.2-q13.3 NC_000019.10 plus 6 114183
967 CD63 12q12-q13 NC_000012.12 minus 12 155740
5573 PRKAR1A 17q24.2 NC_000017.11 plus 14 188830
5692 PSMB4 1q21 NC_000001.11 plus 7 602177
5693 PSMB5 14q11.2 NC_000014.9 minus 5 600306
5714 PSMD8 19q13.2 NC_000019.10 plus 7
1176 AP3S1 5q22 NC_000005.10 plus 8 601507
1340 COX6B1 19q13.1 NC_000019.10 plus 4 124089
1347 COX7A2 6q12 NC_000006.12 minus 4 123996
1350 COX7C 5q14 NC_000005.10 plus 3 603774
1476 CSTB 21q22.3 NC_000021.9 minus 3 601145
1603 DAD1 14q11.2 NC_000014.9 minus 3 600243
1655 DDX5 17q21 NC_000017.11 minus 15 180630
1938 EEF2 19p13.3 NC_000019.10 minus 15 130610
1982 EIF4G2 11p15 NC_000011.10 minus 23 602325
2079 ERH 14q24.1 NC_000014.9 minus 4 601191
2665 GDI2 10p15 NC_000010.11 minus 11 600767
2778 GNAS 20q13.3 NC_000020.11 plus 17 139320
3020 H3F3A 1q42.12 NC_000001.11 plus 4 601128
3021 H3F3B 17q25.1 NC_000017.11 minus 4 601058
3094 HINT1 5q31.2 NC_000005.10 minus 5 601314
3146 HMGB1 13q12 NC_000013.11 minus 8 163905
(Continued)
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Nevertheless, recent accurate analyses consistently showed that these control genes had a large
range of expression variation and were sensitive to study conditions [60, 78–80]; therefore it was
recommended that for each study, the choice of control genes needed to be experimentally veri-
fied for their stable expression [81–84]. The observation on control genes further implies that it
will be extremely challenging to find any gene with stringent stable and constant expression.
In summary, from our functional analysis, from the experimental information gained in es-
sential genes, from the knowledge of control genes in quantitative analysis, and from the condi-
tion for best survival, the bona fide HK genes based on current definition might not exist. We
recommend HK genes to be defined under well described conditions such as cell types, growth
stages, cell cycles as well as various physiological and environmental conditions with consider-
ation of specific splice variants and protein modifications; or we recommend of using more
consistent HK functions instead. This notion does not defy the effort to quest HK genes. In
fact, regardless of the actual gene-identity variation, all the HK-gene studies have universally
identified many interesting characteristics shared by HK genes. These characteristics range
from the slow evolution rate[25, 85], the compact structure[2, 20], to unique transcriptional
and translational regulations[86–89]. Without the existing high quality studies, our work here
would not be possible. The knowledge acquired from HK gene studies on genomic structure
and function has greatly benefited our understanding of health and diseases. With the in-
creased knowledge of gene variation in biological system, a shift to HK function from HK
genes may provide freedom for easier accumulation of more interesting findings.
At last, regardless the existence of HK genes, our study here resolved a list of genes with rela-
tively broad tissue expression (DB> = 13) as shown in Table 3. These genes show high
Table 3. (Continued)
Gene ID Symbol Locus Accession Orientation Exon count OMIM
3735 KARS 16q23.1 NC_000016.10 minus 15 601421
3939 LDHA 11p15.4 NC_000011.10 plus 9 150000
4673 NAP1L1 12q21.2 NC_000012.12 minus 16 164060
4691 NCL 2q37.1 NC_000002.12 minus 14 164035
4738 NEDD8 14q12 NC_000014.9 minus 4 603171
975 CD81 11p15.5 NC_000011.10 plus 9 186845
5094 PCBP2 12q13.13 NC_000012.12 plus 15 601210
5230 PGK1 Xq13.3 NC_000023.11 plus 11 311800
5441 POLR2L 11p15 NC_000011.10 minus 2 601189
5501 PPP1CC 12q24.1-q24.2 NC_000012.12 minus 10 176914
6647 SOD1 21q22.11 NC_000021.9 plus 5 147450
6651 SON 21q22.11 NC_000021.9 plus 16 182465
6727 SRP14 15q22 NC_000015.10 minus 6 600708
6746 SSR2 1q21-q23 NC_000001.11 minus 6 600867
8892 EIF2B2 14q24.3 NC_000014.9 plus 8 606454
9168 TMSB10 2p11.2 NC_000002.12 plus 3 188399
9296 ATP6V1F 7q32 NC_000007.14 plus 3 607160
9802 DAZAP2 12q12 NC_000012.12 plus 5 607431
10109 ARPC2 2q36.1 NC_000002.12 plus 11 604224
10399 GNB2L1 5q35.3 NC_000005.10 minus 8 176981
11315 PARK7 1p36.23 NC_000001.11 plus 8 602533
* pseudo genes are removed.
doi:10.1371/journal.pone.0123691.t003
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similarity to the published loading control gene lists[3, 46, 90–95], and are mostly concentrated
on the ribosome, mitochondria, and proteasome genes. We hope this list can enrich the current
control gene pool for various quantitative biological studies.
In the end, we hope our observation and explanation can bring some new perspective in ex-
amining HK genes. We want to emphasize the importance and necessity of existing studies,
and their relentless release of all their data to make the current analysis possible. We also want
to emphasize the usefulness of revisiting published data for novel insight, which in our opinion
helps to maximize the value of the past work.
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sion quantity after removing “Fagerberg”. (B) Distribution of the detection breadth (DB) as a
function the normalized gene-expression quantity. Error bar represents the standard deviation
after removing “Fagerberg”.
(TIF)
S1 Table. Websites of the downloaded datasets.
(XLSX)
S2 Table. Tissue and cell types used in each study.
(XLSX)
S1 Text. Summary of experimental conditions and filter criteria of each study.
(PDF)
Acknowledgments
Y. Z. and D. L. would like to acknowledge the financial support from China Scholarship Coun-
cil and Mitacs Globalink program. This work is supported by Simon Fraser University startup
fund, Compute Canada, and Stem Cell Networks of Canada.
Author Contributions
Conceived and designed the experiments: BS. Performed the experiments: YZ DL. Analyzed
the data: YZ DL BS. Wrote the paper: YZ DL BS.
References
1. Butte AJ, Dzau VJ, Glueck SB. Further defining housekeeping, or “maintenance,” genes Focus on “A
compendium of gene expression in normal human tissues”. Physiological genomics. 2001; 7(2):95–6.
PMID: 11773595
2. Eisenberg E, Levanon EY. Human housekeeping genes are compact. TRENDS in Genetics. 2003; 19
(7):362–5. PMID: 12850439
3. Eisenberg E, Levanon EY. Human housekeeping genes, revisited. Trends in Genetics. 2013; 29
(10):569–74. doi: 10.1016/j.tig.2013.05.010 PMID: 23810203
4. Malone JH, Oliver B. Microarrays, deep sequencing and the true measure of the transcriptome. BMC bi-
ology. 2011; 9(1):34.
5. Tu Z, Wang L, Xu M, Zhou X, Chen T, Sun F. Further understanding human disease genes by compar-
ing with housekeeping genes and other genes. BMC genomics. 2006; 7(1):31.
6. Zhu J, He F, Hu S, Yu J. On the nature of human housekeeping genes. Trends in genetics. 2008; 24
(10):481–4. doi: 10.1016/j.tig.2008.08.004 PMID: 18786740
7. Podder S, Mukhopadhyay P, Ghosh TC. Multifunctionality dominantly determines the rate of human
housekeeping and tissue specific interacting protein evolution. Gene. 2009; 439(1):11–6.
Housekeeping Genes
PLOS ONE | DOI:10.1371/journal.pone.0123691 May 13, 2015 18 / 22
8. Dezső Z, Nikolsky Y, Sviridov E, Shi W, Serebriyskaya T, Dosymbekov D, et al. A comprehensive func-
tional analysis of tissue specificity of human gene expression. BMC biology. 2008; 6(1):49.
9. She X, Rohl CA, Castle JC, Kulkarni AV, Johnson JM, Chen R. Definition, conservation and epigenetics
of housekeeping and tissue-enriched genes. BMC genomics. 2009; 10(1):269.
10. Chang C-W, ChengW-C, Chen C-R, ShuW-Y, Tsai M-L, Huang C-L, et al. Identification of human
housekeeping genes and tissue-selective genes by microarray meta-analysis. PLOS ONE. 2011; 6(7):
e22859. doi: 10.1371/journal.pone.0022859 PMID: 21818400
11. Shyamsundar R, Kim YH, Higgins JP, Montgomery K, Jorden M, Sethuraman A, et al. A DNAmicroar-
ray survey of gene expression in normal human tissues. Genome biology. 2005; 6(3):R22. PMID:
15774023
12. Ramsköld D, Wang ET, Burge CB, Sandberg R. An abundance of ubiquitously expressed genes re-
vealed by tissue transcriptome sequence data. PLoS computational biology. 2009; 5(12):e1000598.
doi: 10.1371/journal.pcbi.1000598 PMID: 20011106
13. Reverter A, Ingham A, Dalrymple BP. Mining tissue specificity, gene connectivity and disease associa-
tion to reveal a set of genes that modify the action of disease causing genes. BioData Min. 2008; 1(1):8.
doi: 10.1186/1756-0381-1-8 PMID: 18822114
14. Warrington JA, Nair A, Mahadevappa M, Tsyganskaya M. Comparison of human adult and fetal expres-
sion and identification of 535 housekeeping/maintenance genes. Physiological genomics. 2000; 2
(3):143–7. PMID: 11015593
15. Hsiao L- L, Dangond F, Yoshida T, Hong R, Jensen RV, Misra J, et al. A compendium of gene expres-
sion in normal human tissues. Physiological genomics. 2001; 7(2):97–104. PMID: 11773596
16. Chen M, Xiao J, Zhang Z, Liu J, Wu J, Yu J. Identification of human HK genes and gene expression reg-
ulation study in cancer from transcriptomics data analysis. PLOS ONE. 2013; 8(1):e54082. doi: 10.
1371/journal.pone.0054082 PMID: 23382867
17. Fagerberg L, Hallström BM, Oksvold P, Kampf C, Djureinovic D, Odeberg J, et al. Analysis of the
human tissue-specific expression by genome-wide integration of transcriptomics and antibody-based
proteomics. Molecular & Cellular Proteomics. 2014; 13(2):397–406.
18. Sémon M, Mouchiroud D, Duret L. Relationship between gene expression and GC-content in mam-
mals: statistical significance and biological relevance. Human Molecular Genetics. 2005; 14(3):421–7.
PMID: 15590696
19. Lercher MJ, Urrutia AO, Hurst LD. Clustering of housekeeping genes provides a unified model of gene
order in the human genome. Nature genetics. 2002; 31(2):180–3. PMID: 11992122
20. Vinogradov AE. Compactness of human housekeeping genes: selection for economy or genomic de-
sign? TRENDS in Genetics. 2004; 20(5):248–53. PMID: 15109779
21. DaWei Huang BTS, Lempicki RA. Systematic and integrative analysis of large gene lists using DAVID
bioinformatics resources. Nature protocols. 2008; 4(1):44–57.
22. Huang DW, Sherman BT, Lempicki RA. Bioinformatics enrichment tools: paths toward the comprehen-
sive functional analysis of large gene lists. Nucleic acids research. 2009; 37(1):1–13. doi: 10.1093/nar/
gkn923 PMID: 19033363
23. Su AI, Wiltshire T, Batalov S, Lapp H, Ching KA, Block D, et al. A gene atlas of the mouse and human
protein-encoding transcriptomes. Proceedings of the National Academy of Sciences of the United
States of America. 2004; 101(16):6062–7. PMID: 15075390
24. Watson JD, Hopkins NH, Roberts JW, Steitz JA, Weiner AM. The functioning of higher eukaryotic
genes. Molecular Biology of the Gene. 1965;1.
25. Zhang L, Li W-H. Mammalian housekeeping genes evolve more slowly than tissue-specific genes. Mo-
lecular biology and evolution. 2004; 21(2):236–9. PMID: 14595094
26. Jongeneel CV, Delorenzi M, Iseli C, Zhou D, Haudenschild CD, Khrebtukova I, et al. An atlas of human
gene expression frommassively parallel signature sequencing (MPSS). Genome research. 2005; 15
(7):1007–14. PMID: 15998913
27. Ponjavic J, Ponting CP. The long and the short of RNAmaps. Bioessays. 2007; 29(11):1077–80.
PMID: 17935150
28. Yanai I, Benjamin H, Shmoish M, Chalifa-Caspi V, Shklar M, Ophir R, et al. Genome-wide midrange
transcription profiles reveal expression level relationships in human tissue specification. Bioinformatics.
2005; 21(5):650–9. PMID: 15388519
29. Doerks T, Copley RR, Schultz J, Ponting CP, Bork P. Systematic identification of novel protein domain
families associated with nuclear functions. Genome research. 2002; 12(1):47–56. PMID: 11779830
Housekeeping Genes
PLOS ONE | DOI:10.1371/journal.pone.0123691 May 13, 2015 19 / 22
30. Degner JF, Marioni JC, Pai AA, Pickrell JK, Nkadori E, Gilad Y, et al. Effect of read-mapping biases on
detecting allele-specific expression from RNA-sequencing data. Bioinformatics. 2009; 25(24):3207–12.
doi: 10.1093/bioinformatics/btp579 PMID: 19808877
31. Hurd PJ, Nelson CJ. Advantages of next-generation sequencing versus the microarray in epigenetic re-
search. Briefings in Functional Genomics. 2009:elp013.
32. Fullwood MJ, Wei C-L, Liu ET, Ruan Y. Next-generation DNA sequencing of paired-end tags (PET) for
transcriptome and genome analyses. Genome research. 2009; 19(4):521–32. doi: 10.1101/gr.074906.
107 PMID: 19339662
33. Morozova O, Marra MA. Applications of next-generation sequencing technologies in functional geno-
mics. Genomics. 2008; 92(5):255–64. doi: 10.1016/j.ygeno.2008.07.001 PMID: 18703132
34. Denoeud F, Aury J-M, Da Silva C, Noel B, Rogier O, Delledonne M, et al. Annotating genomes with
massive-scale RNA sequencing. Genome Biol. 2008; 9(12):R175. doi: 10.1186/gb-2008-9-12-r175
PMID: 19087247
35. Mortazavi A, Williams BA, McCue K, Schaeffer L, Wold B. Mapping and quantifying mammalian tran-
scriptomes by RNA-Seq. Nature methods. 2008; 5(7):621–8. doi: 10.1038/nmeth.1226 PMID:
18516045
36. Jain M, Shrager J, Harris EH, Halbrook R, Grossman AR, Hauser C, et al. EST assembly supported by
a draft genome sequence: an analysis of the Chlamydomonas reinhardtii transcriptome. Nucleic acids
research. 2007; 35(6):2074–83. PMID: 17355987
37. Bellin D, Ferrarini A, Chimento A, Kaiser O, Levenkova N, Bouffard P, et al. Combining next-generation
pyrosequencing with microarray for large scale expression analysis in non-model species. BMC geno-
mics. 2009; 10(1):555.
38. Martin JA, Wang Z. Next-generation transcriptome assembly. Nature Reviews Genetics. 2011; 12
(10):671–82. doi: 10.1038/nrg3068 PMID: 21897427
39. Morozova O, Hirst M, Marra MA. Applications of new sequencing technologies for transcriptome analy-
sis. Annual review of genomics and human genetics. 2009; 10:135–51. doi: 10.1146/annurev-genom-
082908-145957 PMID: 19715439
40. Johnson JM, Edwards S, Shoemaker D, Schadt EE. Dark matter in the genome: evidence of wide-
spread transcription detected by microarray tiling experiments. TRENDS in Genetics. 2005; 21(2):93–
102. PMID: 15661355
41. Mockler TC, Ecker JR. Applications of DNA tiling arrays for whole-genome analysis. Genomics. 2005;
85(1):1–15. PMID: 15607417
42. Wang Z, Gerstein M, Snyder M. RNA-Seq: a revolutionary tool for transcriptomics. Nature Reviews Ge-
netics. 2009; 10(1):57–63. doi: 10.1038/nrg2484 PMID: 19015660
43. Metzker ML. Sequencing technologies—the next generation. Nature Reviews Genetics. 2009; 11
(1):31–46. doi: 10.1038/nrg2626 PMID: 19997069
44. Wilhelm BT, Landry J-R. RNA-Seq—quantitative measurement of expression through massively paral-
lel RNA-sequencing. Methods. 2009; 48(3):249–57. doi: 10.1016/j.ymeth.2009.03.016 PMID:
19336255
45. Marioni JC, Mason CE, Mane SM, Stephens M, Gilad Y. RNA-seq: an assessment of technical repro-
ducibility and comparison with gene expression arrays. Genome research. 2008; 18(9):1509–17. doi:
10.1101/gr.079558.108 PMID: 18550803
46. De Jonge HJ, Fehrmann RS, de Bont ES, Hofstra RM, Gerbens F, KampsWA, et al. Evidence based
selection of housekeeping genes. PLOSONE. 2007; 2(9):e898. PMID: 17878933
47. Li B, Ruotti V, Stewart RM, Thomson JA, Dewey CN. RNA-Seq gene expression estimation with read
mapping uncertainty. Bioinformatics. 2010; 26(4):493–500. doi: 10.1093/bioinformatics/btp692 PMID:
20022975
48. Garber M, Grabherr MG, Guttman M, Trapnell C. Computational methods for transcriptome annotation
and quantification using RNA-seq. Nature methods. 2011; 8(6):469–77. doi: 10.1038/nmeth.1613
PMID: 21623353
49. Robertson G, Schein J, Chiu R, Corbett R, Field M, Jackman SD, et al. De novo assembly and analysis
of RNA-seq data. Nature methods. 2010; 7(11):909–12. doi: 10.1038/nmeth.1517 PMID: 20935650
50. Eller CD, Regelson M, Merriman B, Nelson S, Horvath S, Marahrens Y. Repetitive sequence environ-
ment distinguishes housekeeping genes. Gene. 2007; 390(1):153–65.
51. Sharma VK, Kumar N, Brahmachari SK, Ramachandran S. Abundance of dinucleotide repeats and
gene expression are inversely correlated: a role for gene function in addition to intron length. Physiolog-
ical genomics. 2007; 31(1):96–103. PMID: 17550993
Housekeeping Genes
PLOS ONE | DOI:10.1371/journal.pone.0123691 May 13, 2015 20 / 22
52. Raabe CA, Tang T-H, Brosius J, Rozhdestvensky TS. Biases in small RNA deep sequencing data. Nu-
cleic acids research. 2014; 42(3):1414–26. doi: 10.1093/nar/gkt1021 PMID: 24198247
53. McGettigan PA. Transcriptomics in the RNA-seq era. Curr Opin Chem Biol. 2013; 17(1):4–11. doi: 10.
1016/j.cbpa.2012.12.008 PMID: 23290152
54. Hitzemann R, Bottomly D, Darakjian P, Walter N, Iancu O, Searles R, et al. Genes, behavior and next‐
generation RNA sequencing. Genes, Brain and Behavior. 2013; 12(1):1–12. doi: 10.1111/gbb.12007
PMID: 23194347
55. Su AI, Cooke MP, Ching KA, Hakak Y, Walker JR, Wiltshire T, et al. Large-scale analysis of the human
and mouse transcriptomes. Proceedings of the National Academy of Sciences. 2002; 99(7):4465–70.
PMID: 11904358
56. Sollazzo V, Pezzetti F, Massari L, Palmieri A, Brunelli G, Zollino I, et al. Evaluation of gene expression
in MG63 human osteoblastlike cells exposed to tantalum powder by microarray technology. The Inter-
national journal of periodontics & restorative dentistry. 2010; 31(4):e17–28.
57. Canales RD, Luo Y, Willey JC, Austermiller B, Barbacioru CC, Boysen C, et al. Evaluation of DNAmi-
croarray results with quantitative gene expression platforms. Nature biotechnology. 2006; 24(9):1115–
22. PMID: 16964225
58. Reinertsen T, Halgunset J, Viset T, Flatberg A, Haugsmoen LL, Skogseth H. Gene expressional
changes in prostate fibroblasts from cancerous tissue. Apmis. 2012; 120(7):558–71. doi: 10.1111/j.
1600-0463.2011.02865.x PMID: 22716211
59. Bolstad B, Collin F, Brettschneider J, Simpson K, Cope L, Irizarry R, et al. Quality assessment of Affy-
metrix GeneChip data. Bioinformatics and computational biology solutions using R and bioconductor:
Springer; 2005. p. 33–47.
60. Thellin O, Zorzi W, Lakaye B, De Borman B, Coumans B, Hennen G, et al. Housekeeping genes as in-
ternal standards: use and limits. Journal of biotechnology. 1999; 75(2):291–5.
61. Vandesompele J, De Preter K, Pattyn F, Poppe B, Van Roy N, De Paepe A, et al. Accurate normaliza-
tion of real-time quantitative RT-PCR data by geometric averaging of multiple internal control genes.
Genome biology. 2002; 3(7):research0034. PMID: 12184808
62. ZhangW, Morris QD, Chang R, Shai O, Bakowski MA, Mitsakakis N, et al. The functional landscape of
mouse gene expression. Journal of biology. 2004; 3(5):21. PMID: 15588312
63. De Ferrari L, Aitken S. Mining housekeeping genes with a Naive Bayes classifier. Bmc Genomics.
2006; 7(1):277.
64. Wade Cohen P, Omenn G, Motulsky A, Chen S-H, Giblett E. Restricted variation in the glycolytic en-
zymes of human brain and erythrocytes. Nature. 1973; 241(112):229–33. PMID: 4266990
65. Koonin EV. HowMany Genes Can Make a Cell: The Minimal-Gene-Set Concept 1. Annual review of
genomics and human genetics. 2000; 1(1):99–116.
66. Acencio ML, Lemke N. Towards the prediction of essential genes by integration of network topology,
cellular localization and biological process information. BMC bioinformatics. 2009; 10(1):290.
67. Gustafson AM, Snitkin ES, Parker SC, DeLisi C, Kasif S. Towards the identification of essential genes
using targeted genome sequencing and comparative analysis. Bmc Genomics. 2006; 7(1):265.
68. Kemphues K. Essential genes. 2005.
69. Luo B, Cheung HW, Subramanian A, Sharifnia T, Okamoto M, Yang X, et al. Highly parallel identifica-
tion of essential genes in cancer cells. Proceedings of the National Academy of Sciences. 2008; 105
(51):20380–5. doi: 10.1073/pnas.0810485105 PMID: 19091943
70. Wang Y, Medvid R, Melton C, Jaenisch R, Blelloch R. DGCR8 is essential for microRNA biogenesis
and silencing of embryonic stem cell self-renewal. Nature genetics. 2007; 39(3):380–5. PMID:
17259983
71. Murakami M, Ichisaka T, Maeda M, Oshiro N, Hara K, Edenhofer F, et al. mTOR is essential for growth
and proliferation in early mouse embryos and embryonic stem cells. Molecular and cellular biology.
2004; 24(15):6710–8. PMID: 15254238
72. Hay DC, Sutherland L, Clark J, Burdon T. Oct‐4 knockdown induces similar patterns of endoderm and
trophoblast differentiation markers in human and mouse embryonic stem cells. Stem cells. 2004; 22
(2):225–35. PMID: 14990861
73. Gil R, Silva FJ, Peretó J, Moya A. Determination of the core of a minimal bacterial gene set. Microbiolo-
gy and Molecular Biology Reviews. 2004; 68(3):518–37. PMID: 15353568
74. Lecuit T, Lenne P-F. Cell surface mechanics and the control of cell shape, tissue patterns and morpho-
genesis. Nature Reviews Molecular Cell Biology. 2007; 8(8):633–44. PMID: 17643125
75. Bonner JT. The origins of multicellularity. Integrative Biology Issues News and Reviews. 1998; 1(1):27–
36.
Housekeeping Genes
PLOS ONE | DOI:10.1371/journal.pone.0123691 May 13, 2015 21 / 22
76. Li H- D, Menon R, Omenn GS, Guan Y. The emerging era of genomic data integration for analyzing
splice isoform function. Trends in Genetics. 2014; 30(8):340–7. doi: 10.1016/j.tig.2014.05.005 PMID:
24951248
77. Eksi R, Li H-D, Menon R, Wen Y, Omenn GS, Kretzler M, et al. Systematically differentiating functions
for alternatively spliced isoforms through integrating RNA-seq data. PLoS computational biology. 2013;
9(11):e1003314. doi: 10.1371/journal.pcbi.1003314 PMID: 24244129
78. Steele BK, Meyers C, Ozbun MA. Variable expression of some “housekeeping” genes during human
keratinocyte differentiation. Analytical biochemistry. 2002; 307(2):341–7. PMID: 12202253
79. Murphy RM, Watt KK, Cameron-Smith D, Gibbons CJ, Snow RJ. Effects of creatine supplementation
on housekeeping genes in human skeletal muscle using real-time RT-PCR. Physiological genomics.
2003; 12(2):163–74. PMID: 12419855
80. Rubie C, Kempf K, Hans J, Su T, Tilton B, Georg T, et al. Housekeeping gene variability in normal and
cancerous colorectal, pancreatic, esophageal, gastric and hepatic tissues. Molecular and cellular
probes. 2005; 19(2):101–9. PMID: 15680211
81. Silver N, Best S, Jiang J, Thein SL. Selection of housekeeping genes for gene expression studies in
human reticulocytes using real-time PCR. BMCmolecular biology. 2006; 7(1):33.
82. Andersen CL, Jensen JL,Ørntoft TF. Normalization of real-time quantitative reverse transcription-PCR
data: a model-based variance estimation approach to identify genes suited for normalization, applied to
bladder and colon cancer data sets. Cancer research. 2004; 64(15):5245–50. PMID: 15289330
83. Jain M, Nijhawan A, Tyagi AK, Khurana JP. Validation of housekeeping genes as internal control for
studying gene expression in rice by quantitative real-time PCR. Biochemical and biophysical research
communications. 2006; 345(2):646–51. PMID: 16690022
84. Nicot N, Hausman J-F, Hoffmann L, Evers D. Housekeeping gene selection for real-time RT-PCR nor-
malization in potato during biotic and abiotic stress. Journal of experimental botany. 2005; 56
(421):2907–14. PMID: 16188960
85. Winter EE, Goodstadt L, Ponting CP. Elevated rates of protein secretion, evolution, and disease
among tissue-specific genes. Genome research. 2004; 14(1):54–61. PMID: 14707169
86. Nothias J-Y, Majumder S, Kaneko KJ, DePamphilis ML. Regulation of gene expression at the beginning
of mammalian development. Journal of Biological Chemistry. 1995; 270(38):22077–80. PMID:
7673179
87. Bohm S, Gum J, Erickson R, Hicks J, Kim Y. Human dipeptidyl peptidase IV gene promoter: tissue-spe-
cific regulation from a TATA-less GC-rich sequence characteristic of a housekeeping gene promoter.
Biochem J. 1995; 311:835–43. PMID: 7487939
88. ChenWJ, Zhu T. Networks of transcription factors with roles in environmental stress response. Trends
in plant science. 2004; 9(12):591–6. PMID: 15564126
89. Eichenlaub-Ritter U, PeschkeM. Expression in in-vivo and in-vitro growing and maturing oocytes:
focus on regulation of expression at the translational level. Human Reproduction Update. 2002; 8
(1):21–41. PMID: 11866238
90. Shin YK, Kwon MJ, Oh ES, In YH, Koh SS. Data processing, analysis method of gene expression data
to identify endogenous reference genes. Google Patents; 2012.
91. Jin P, Zhao Y, Ngalame Y, Panelli MC, Nagorsen D, Monsurró V, et al. Selection and validation of en-
dogenous reference genes using a high throughput approach. BMC genomics. 2004; 5(1):55. PMID:
15310404
92. KwonMJ, Oh E, Lee S, RohMR, Kim SE, Lee Y, et al. Identification of novel reference genes using mul-
tiplatform expression data and their validation for quantitative gene expression analysis. PLOS ONE.
2009; 4(7):e6162. doi: 10.1371/journal.pone.0006162 PMID: 19584937
93. Lee PD, Sladek R, Greenwood CM, Hudson TJ. Control genes and variability: absence of ubiquitous
reference transcripts in diverse mammalian expression studies. Genome Research. 2002; 12(2):292–
7. PMID: 11827948
94. Lee S, Jo M, Lee J, Koh SS, Kim S. Identification of novel universal housekeeping genes by statistical
analysis of microarray data. Journal of biochemistry and molecular biology. 2007; 40(2):226–31. PMID:
17394773
95. Kidd M, Nadler B, Mane S, Eick G, Malfertheiner M, Champaneria M, et al. GeneChip, geNorm, and
gastrointestinal tumors: novel reference genes for real-time PCR. Physiological genomics. 2007; 30
(3):363–70. PMID: 17456737
Housekeeping Genes
PLOS ONE | DOI:10.1371/journal.pone.0123691 May 13, 2015 22 / 22
